Abstract: This paper examines whether the dismantling of apartheid has resulted in the improvement in the standard of living for the vast majority of South Africans. The study is based on a panel data set from the Kwazulu-Natal province. Despite the best efforts of the interview team, the attrition rate in this panel is around 16%. We find that household income and size in 1993, several community characteristics and survey quality in 1993 significantly affect the probability of attrition. We use weighted quantile regressions to examine the distribution of standards of living, which corrects for the potential bias arising from non-random sample attrition. Our results show that there has been a significant increase in the spread of the distribution of household expenditure of the Non-White households residing in Kwazulu-Natal province. We argue that the stretch to the right of the upper tail of distribution can be attributed to significant increase in returns to primary and high school education, while movement to the left of the lower quantiles can be associated with the increase in the proportion of female headed households and household size. 
Introduction:
The primary aim of this paper is to examine changes in living standards in South African households following the dismantling of apartheid. Notwithstanding its status as an uppermiddle income country with a per capita income in excess of $3000, South Africa is characterised by enormous extents of poverty, inequality and material deprivation. 1 The Human
Development Index of the Whites in South Africa is between those of Italy and Israel, while that for the Blacks is between those of Swaziland and Lesotho. Carter & May (1999) and Maitra & Ray (2003) compute the overall poverty rate in South Africa in 1993 to be more than 50% and the poverty rate was significantly higher for the Black households compared to the Non-Black households. These results are corroborated by the findings of Klasen (1997 Klasen ( , 2000 . In the context of South Africa, much of the differences in living standards among the different segments of the population are the direct result of apartheid policies that denied equal access to education, employment, services and resources to the Non-White population of South Africa. In 1993, during the nine months preceding the historic 1994 elections, a sample of approximately 9000 households were surveyed as a part of Living Standard Measurement Study (LSMS) initiated by the World Bank in a number of developing countries. 3 The data set is unique because it is the first that covers the entire South African population, including computes inequality levels in South Africa in 1993 and notes that the 1993 data can "serve as a baseline against which future progress could be assessed. Because there have been no subsequent LSMS surveys in South Africa, these data cannot be used to track living standards over time, but they provide a snapshot of living standards by race at the end of the apartheid era." (Deaton, 1997 ; page 156). In 1998, Black and Indian households in the 1993 data set that resided in the Kwazulu-Natal province were re-interviewed as a part of the Kwazulu-Natal Income Dynamics Study (KIDS). We use these two data sets to examine the change in the standard of living in South Africa between 1993 and 1998.
Although this panel of households the Kwazulu-Natal province (from surveys conducted in 1993 and 1998) allows us to analyse the issue of changes in living standards over the period 5 , there are two caveats that we need to consider. The first is the problem of nonrandom attrition and the potential selection bias associated with sample attrition. We discuss this problem at length and account for attrition in our econometric analysis. The second issue arises from the fact that our panel data set only includes Non-White households that resided in the Kwazulu-Natal province, and therefore it is not a representative of the general population in South Africa. We cannot do much about this issue other than emphasize throughout the paper that this is a study of the change in the living standards of Non-White South Africans, and we caution the readers that the measures of inequality reported here must not be compared with measures of inequality reported for all South Africans in other studies. We think that the study of distribution of living standards within the Non-White population is an interesting measure of progress in South Africa, perhaps even more so than the study of the entire population. It is the evolution of the distribution of living standards within the Non-White population that gives a more telling picture of the process of change in South Africa.
The measure of living standard used in this paper is per capita household expenditure.
Traditionally per capita household income has been used as a measure of household living 4 The "homelands" were designated residential regions for the Blacks during the apartheid regime. These were typically autonomous states within South Africa. 5 See Hsiao (1986) for a general discussion of advantages of using panel data in econometrics.
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standard. Increasingly however researchers are using per capita household expenditure as a measure of household standard of living and as a proxy for household permanent income.
Household expenditure is easier to measure compared to household income and is typically measured with less error. Moreover household expenditure is typically a better proxy for permanent income because while income might be subject to transitory fluctuations, households typically use a variety of mechanisms to smooth consumption over time.
We start by examining changes in the unconditional distribution in per capita household expenditure by comparing the living standards at the mean and at different quantiles. We also examine how inequality has changed over the period 1993 -1998 . All of these calculations control for the effect of attrition. We find that there has been an increase in the mean and also a significant increase in the spread of the living standards of Non-White South Africans. The results clearly show that probability mass from the middle of the expenditure distribution has been redistributed to its two tails, and as a result all measures of inequality have significantly increased. We then analyse the distribution of expenditure conditional on household characteristics in order to determine if there has been a change in the conditional distribution or a change in the household characteristics that can be associated with the increase in the spread of the distribution of living standards. We examine the changes in the conditional distribution of living standards by estimating the quantiles of this distribution using quantile regressions (see Koenker & Bassett, 1978; Buchinsky, 1998; Deaton, 1997) . Quantile regressions allow us to examine whether the relationship between a particular explanatory variable and household expenditure (or household standard of living)
is affected by the position of the household on the expenditure distribution. 6 It might be noted that quantile regressions have often been used to estimate the wage premium of years of schooling (see Buchinsky (1998) ). Anderson & Pomfret (2000) use quantile regression to estimate changes in living standards in the Kyrgyz Republic over the period 1993 -1996, during transition to the market economy. In the context of South Africa, Thomas (1996) has used quantile regressions to estimate the returns to education by race and Mwabu & Schultz (1996 use quantile regressions to estimate education returns across quantiles 6 See Deaton (1997) for a discussion of the benefits of using quantile regressions over ordinary least squares regressions.
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of the wage function.
We use the Kwazulu-Natal panel to detect if the conditional quantile parameters have changed significantly between 1993 and 1998. Since some households that were in 1993 sample could not be re-interviewed in 1998, we need to control for this attrition for consistent estimation and inference. The effects of sample attrition can be particularly important in panel data sets from developing countries where there is considerable mobility in the population primarily because of migration. 7 In recent years a great deal of attention has been paid to the issue of selection bias in panel data sets (see the special symposium on attrition in panel data sets in the Journal of Human Resources, Spring 1998). The main conclusion of all these studies is that in the developed countries "biases in estimates of socio-economic relations due to attrition are small -despite attrition rates as high as 50% and with significant differences between attritors and non-attritors for the means of a number of outcome and control variables" (Alderman, Behrman, Kohler, Maluccio & Watkins, 2001 ). The question that follows immediately is: Is selectivity bias and sample attrition a bigger problem in data from the developing countries? There are a number of reasons why one might expect it to be so. Availability of information and tracking facilities are better in developed countries. In developing countries the high levels of mobility and long distance migration that are so much a part of the process of development, result in increasing the problem of sample attrition.
The literature on sample attrition using data from developing countries is however relatively sparse. 8 Thomas, Frankenberg & Smith (2001) argue that while with careful planning it is possible to collect panel data sets in developing countries with attrition rates lower than those obtained in developed countries, the attrition that remains is still non-random and is typically associated with both community and household characteristics. 9 We also find that the attrition from the Kwazulu-Natal sample in 1998 is related to observable characteristics in a way that may render the standard quantile regression estimates inconsistent. Hence we 7 Of course the potential problem of selection bias due to non-response exists in cross-sectional data sets as well but in panel data the problems are exacerbated because of the inherent difficulties associated with re-interviewing the same household or the same individual. 8 This is partly because there are very few large panel data sets from developing countries. 9 In Indonesia as a part of Indonesian Family Life Surveys (IFLS), tracking movers (something typically not done in developing countries) reduced attrition by more than 50%.
use a form of weighted quantile regression to obtain consistent estimates, and we make all of our statistical inferences on based on weighted estimators.
The rest of the paper is organised as follows. Section 2 presents the econometric framework specifically designed to analyse the problem at hand. Section 3 describes the data sets used in the paper, selected descriptive statistics and some preliminary descriptions of how things have changed in South Africa during the period 1993 -1998. Sections 4 and 5 present the regression results and finally section 6 concludes.
Econometric Framework
The general question of sample selection, of which attrition is a special case, and its effect on the estimation of parameters of interest has been discussed extensively in the literature (see Fitzgerald, Gottschalk & Moffitt, 1998 and references therein). The method of inverse probability weighting as a means to counter the selection bias and obtain a consistent estimator of parameters of interest has been studied, among others, by Robins, Rotnitzky & Zhao (1995) and Wooldridge (2002) . We explain these in the context of a very simple example of attrition in a two period panel, and then describe the econometric specifications that we have used for studying the change in the expenditure distribution in South Africa.
Consider a two period panel. In period 1, we observe variable y for 200 randomly chosen individuals, half of whom are male. Assume that y and gender are statistically dependent.
In period 2, 80 people drop out. If attrition is independent of y, then obviously attrition does not cause any problems. 10 Suppose that attrition is not independent of y and from the 80 dropouts, 20 are men and 60 are women. Then there are two possibilities:
1. Selection on observables: Conditional on gender, attrition is independent of y, i.e. 10 In the statistics literature, this case is referred to as "missing completely at random".
within the group of men, attrition is completely random, and the same for women.
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Whether this type of attrition makes the usual estimators biased depends on the pa- 2. Selection on unobservables: Even after conditioning on gender, attrition depends on y.
This would be the case, for example, if within the male and the female group those with lower y were more likely to drop out. This kind of attrition causes inconsistency in the estimation of parameters related to the conditional or unconditional distribution of y unless a complete statistical model of attrition is specified and estimated jointly with the statistical model for y. This case has been extensively discussed in econometrics literature, in particular in the literature on social experiments and policy evaluations (e.g., Hausman & Wise, 1979 , Heckman, 1979 .
The case we concentrate on here is case (1.b). In that situation, if instead of solving the usual moment conditions, we solve the weighted moments, where the weight of each observation is the inverse of probability of that observation being observed in the second period, then we get a consistent estimator of the mean in period 2. In the above example, this leads to a weighted average of the observations in period 2, in which female observations get a weight that is twice as large as the weight given to male observations (the inverse probability of being in the sample in period 2 is 100/40 for females and 100/80 for males). In this simple example, where the observable determinant of attrition is a single binary variable, the estimation of probability of being in sample in period 2 is quite straightforward, and it is quite clear how inverse probability weighting leads to a consistent estimator of the mean. However, when there are several discrete and continuous observables that determine attrition, then the assumption of correct specification of the model of attrition that produces the estimated probabilities becomes crucial for the consistency of weighted estimators.
In this paper, we are interested in the parameters related to the unconditional distribution of expenditure (such as its mean, variance and measures of inequality), as well as parameters related to the distribution of expenditure conditional on a small subset of observables, such as education, race, place of residence. However, we have a larger set of observable variables that are useful for predicting the probability of attrition, some of which are also correlated with expenditure in the second period. For example, whether a family lived near a paved road is a very good predictor of attrition, but we are not interested in examining the expenditure distribution conditional on being or not being close to a paved road. This places our problem in category (1.b) above. We believe that it is justified to assume that conditional on the covariates used for predicting the probability of attrition, expenditure is independent of attrition, in particular because lag expenditure is one of such covariates.
We study the conditional distribution of expenditures given specific households characteris- other characteristics of interest of household i in period t by X it , then quantile regression models assume that the θ quantile of the conditional distribution of y it given X it is X it β θt .
If attrition was completely random, then the sample moment conditions that delivered the method of moments estimator for β θ2 would be
where I{.} is the indicator function, and N 2 is the number of households in the sample in period 2. If ATTRITE i denotes the binary variable that is equal to 1 if household i drops out in period 2, and equals 0 otherwise, then the moment condition (1) can be written as
If attrition is completely random, this equation (after both sides are divided by N ) converges in probability to a constant times the population moment condition
which is satisfied for the true parameters of the conditional quantile function. However, when attrition is not completely random and it depends on covariates other than X i2 that are correlated with y i2 , equation (2) does not converge to a population moment condition that has the true β θ2 as its solution, and therefore the solution of the sample moment condition
(1) will not be a consistent estimator of the parameters of the conditional quantile function.
Under the assumption of attrition on observables we have
where Z i1 is the vector of all observed characteristics of household i in period 1 including, but not limited to, y i1 and X i1 . Since ATTRITE i is a binary variable, this implies
The inverse probability weighted estimator 12 solves
where π i is the probability of household i being in the sample in period 2, that is π i = 1 − η i . Using the law of iterated expectations, the expected value of the summand for any β is E (X i2 (θ − I {y i2 < X i2 β})) . Therefore, under the standard regularity conditions, the solution to the sample moment condition (3) converges in probability to the solution of E (X i2 (θ − I {y i2 < X i2 β})) = 0, which is the true conditional quantile parameter (again under standard identifiability conditions). When probability of attrition is unknown and it is estimated from a first stage model for attrition, as long as this model is correctly specified and consistently estimated, the argument for the consistency of the inverse probability weighted estimator remains basically the same.
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When conditional quantiles are the same in periods 1 and 2, one should use information in both periods to estimate the quantile parameters. Indeed, one of our main objectives to test if these parameters have changed significantly, and if so, which elements have changed.
To mix information from both periods, we use the weighting scheme suggested by Lipsitz, Fitzmaurice, Molenberghs & Zhao (1997). In this scheme, all observations of a household which is in the sample in both periods 1 and 2 receive the same weight equal to the inverse of the probability of that household being in sample in period 2 (i.e., probability of not attriting), and period 1 observation of a household that is not observed in period 2 receives a weight equal to the inverse of probability of that household attriting, i.e.,
same weights, and it is easily generalizable to panels with more than 2 time periods with some attrition at each stage. Defining
equation (4) can be re-written as
This implies that the weighted estimator can be easily estimated using any statistical package that has a quantile regression procedure. Note that we have dropped the time subscript on β θ . This is because we include a full set of interactions of household characteristics with a period 2 dummy variable in X it to investigate if the quantiles have significantly changed in period 2. The weights depend on the probability of attrition η i and in practice these probabilities need to be estimated. We use a logit model for the binary indicator of attrition based on Z i1 to model attrition. There are many more variables in Z i1 in addition to X i1 .
Asymptotic normality of the inverse probability weighted quantile regression estimator is a more challenging proposition to prove. Wooldridge (2002) proves the asymptotic normality of the inverse probability weighted method of moment estimator with a smooth objective function, when the weights are estimated. He also derives the asymptotic covariance matrix of this estimator. As a referee has pointed out, however, the asymptotic distribution of two-step inverse probability weighted estimators in the case where the moment condition in not smooth, as in equation (4) withπ id i instead of π id i , has not been explicitly established in the literature. We believe that such a proof can be established along similar lines as in
Wooldridge (2002) but using the appropriate regularity conditions for non-smooth objective functions as in Newey & McFadden (1994) . However, this is beyond the scope of the present paper. Here, we assume asymptotic normality, and use a bootstrap in bootstrap procedure for inference.
For the usual (unweighted) quantile regression estimator, Buchinsky (1995) shows some evidence that estimating the covariance matrix of the parameters with a bootstrap procedure is more accurate than using a consistent estimator of the asymptotic covariance matrix.
Here, we design a bootstrap in bootstrap procedure to account for the uncertainty in the first stage estimation of the weights on the second stage estimation ofβ θ as well. In the first step, probability of attrition is estimated for each household based on a bootstrap sample of period 1 households. Then, one hundred bootstrap samples are drawn from the entire data set, and for each of these samples the inverse probability weightedβ 
Data and Descriptive Statistics
Two different data sets are used in this paper. They are the South Africa Integrated Household Survey (SIHS) 1993 data and the Kwazulu-Natal Income Dynamics (KIDS) 1998 data.
The SIHS data was collected in the nine months preceding the historic 1994 elections. This 14 The KIDS survey did not re-interview the White households.
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An important aspect of the KIDS 1998 data set that differentiates it from most longitudinal surveys in developing countries, is that whenever possible the interviewer teams tracked down and re-interviewed households that had moved. In consequence migration does not automatically imply attrition from the sample. This defines the target sample. Of the target sample, 1132 households (83.60%), with at least one 1993 member, were successfully re-interviewed in 1998. The attrition rate was significantly higher in the Indian sub-sample (21.86%) compared to the Black sub-sample (15.36%) and also significantly higher for households residing in former Natal (25.57%) compared to households residing in former Kwazulu (12.62%). 16 However the attrition rates were fairly similar in rural and urban areas -16.61% in rural areas and 16.07% in urban areas.
The primary outcome variable of interest in this paper is per capita household expenditure.
14 Natal was one of the two main British colonies in South Africa, the other being the Cape Colony. The
Indians residing in Natal are generally descendants of the indentured labourers who were brought to Natal by the British to work in plantations. 15 There were no Coloured households in the SIHS 1993 data that resided in Kwazulu-Natal. 16 In both cases the difference is statistically significant using a standard t-test.
Remember that this is used as a proxy for household permanent income. We also compare the means of the variable of interest (per capita household expenditure) and also the means of several household characteristics in the 1993 sample for (eventual) attritors versus non-attritors. These are presented in Table 2 . There are some interesting 17 At the 5% level of significance. The test of significance of the change in unconditional quantiles is performed using bootstrap with inverse probability weights to account for attrition in the 1998 sample.
differences between attritor and non-attritor households. What is particularly interesting is that the average household expenditure is higher for attritor households compared to nonattritor households. With this in mind, the comparison of weighted and unweighted 1998
estimates of the mean and quantiles of the expenditure distribution in Table 1 reveals that our weighting scheme has corrected the estimates in the right direction.
Modeling the Probability of Attrition
The first step in the analysis is to link household characteristics to attrition probability. This gives us the weights that are later used in the weighted quantile regressions. We consider a standard logit regression where the dependent variable is:
1 if the household was not re-interviewed in 1998 0 otherwise
The probability of attrition is assumed to depend on a set of 1993 characteristics. The explanatory variables include household characteristics, community characteristics and a set of variables that reflect survey quality in 1993. The coefficient estimates, their standard errors and the marginal effect of each variable on attrition probability are presented in Table   3 . This final specification is obtained by initially including a large number of household, community and survey quality characteristics as explanatory variables and then dropping those that turned out to be statistically not significant. The results, presented in Table 3 , are quite interesting. Although Table 2 shows that the 18 HDEDUC2-93 takes a value of one if the highest level of education attained by the household head in 1993 is more than primary school but less than secondary school and HDEDUC3-93 takes a value of one if the highest level of education attained by the household head in 1993 is more than secondary school.
attritor households had higher per capita expenditure than the non-attritor households in 1993, our logit estimates show that keeping other characteristics such as education and size constant, household expenditure actually has a negative and statistically significant effect on the probability of attrition. All else constant, household size has a negative and statistically significant effect on the probability of drop-outs, implying that the KIDS survey was more likely to re-interview larger households, a result that is similar to that obtained by Maluccio (2004) . This also implies that larger households were less likely to have moved, consistent with the argument that moving costs are higher for larger households. The coefficient estimates of HDEDUC2-93 and HDEDUC3-93 are both positive implying that the probability of attrition is significantly higher for household where the head has more than primary schooling. Relative to the reference category (the head of the household having no education or that the highest education attained by the household head is primary schooling), the probability of attrition is higher by 5.1 percentage points for households where the highest education attained by the household head is more than primary school but less than secondary school and the probability is higher by 9 percentage points where the highest education attained by the household head is secondary schooling or higher. Finally, all else constant, households with a greater number of children (aged 0 -16) in 1993 are less likely to attrite.
Turning to community level characteristics, the presence of a tarred road in the cluster (TARROAD93) in 1993 and the presence of a clinic in the cluster in 1993 (CLINIC93) both decrease the probability of dropouts in 1998. The marginal effects show that the presence of a tarred road in the cluster in 1993 reduces the probability of drop-out in 1998 by 8.6
percentage points and the presence of a clinic in the cluster in 1993 reduces the probability of drop-out in 1998 by 4.6 percentage points. Surprisingly the presence of a doctor in the cluster in 1993 (DOCTOR93) actually increases the probability of the household dropping out in 1998 (by 4.6 percentage points, statistically significant at the 5% level).
The accuracy of panel data depends heavily on the quality of the original fieldwork. It has been argued that measures of quality of the original interview may help predict the success of re-interview. We include one measure of the quality of the 1993 interview: whether the questionnaire was verified by the supervisor (VERIFY93). The hypothesis is that properly verified questionnaires were more likely to have been accurately completed making reinterviewing relatively easier. The marginal effects resented in Table 3 indicate that the probability of dropouts is lower by 9.4 percentage points for households with verified questionnaires.
Results from Quantile Regressions
We now turn to the quantile regression estimates. We compute the estimates at the 10 th ( takes a value of one if the highest level of education attained by the household head is more than secondary school. The reference category is that the household head has no education.
We also include as explanatory variables household composition variables: Total number of children in the household, TOTCHILD, (individuals aged 0 -17), the total number of working age adults, TOTADULT, (males aged 18 -64 and females aged 18 -59) and the total number of elderly in the household, TOTELDER, (males aged 65 and above and females aged 60 and above). The definition of working age adults and the elderly follows the official definitions of the South African government. There is an official social pensions program in South Africa and every male aged 65 or higher (officially classified as elderly male) and every female aged 60 or higher (officially classified as elderly female) is eligible for social pension (subject to a means test). 19 In the South African context, living standards vary widely depending on the race of the household and we include a race dummy BLACK to capture this race effect. We also include two location dummies -RURAL to account for rural residence and residence in former Natal (NATAL) to account for differences within the Kwazulu-Natal province of South Africa. See Table 8 for a description of all the variables used in the regression.
Are Attritor Households Different?
We first examine whether the households that subsequently leave the sample (the attritor households) differ in their initial expenditure distribution compared to those households that do not attrite. We compute the quantile regression estimates (at the 10 th , 25 th , 50 th , 75 th and 90 th quantiles) for the SIHS 1993 sample but in this case we include the ATTRITE dummy and a set of interaction terms where ATTRITE is interacted with each of the explanatory variables. The non-interacted coefficients give the effects for the non-attritor households while the interacted coefficients give us the difference between the attritor and non-attritor households in 1993. The (non-interacted) coefficient estimates and the bootstrapped standard errors are presented in Table 4 . 20 The standard errors were computed by bootstrapping with 100 replications. We also compute a F-test for the joint significance of ATTRITE and the interaction terms -to test whether there are significant differences between the attritor and the non-attritor sample. This is essentially a test of whether the coefficients of the set of explanatory variables and the constant differ for those households that are going to attrite versus those that are not going to attrite. The F-tests indicate that the attritor and the non-attritor samples differ at the two extremes -at the 10 th and the 90 th quantiles but not in the middle (at the 25 th , 50 th and 75 th quantiles). This implies that quantile regressions is the correct approach to examine living standards because it allows one to examine the relationship between explanatory variables and the dependent variable at different points on the expenditure distribution and it is clear that the relationship changes as one moves 19 See Lund (1994) and Case & Deaton (1998) for more details on the social pensions program in South Africa. 20 We do not present the difference estimates. They are available on request.
along the expenditure distribution. Simply looking at the average (as one would do using OLS) could result in incorrect conclusions regarding the difference between attritor and non-attritor households. The coefficient estimates are as expected. The coefficient of FHH is always negative and statistically significant, implying that female-headed households perform poorly compared to male-headed households. The coefficient estimates of HDEDUC1, HD-EDUC2 and HDEDUC3 are always positive and are in most cases statistically significant.
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Per capita expenditure is lower for Black households (compared to Indian households) and for households residing in rural areas (compared to households residing in urban areas and metropolitan regions) and is higher for households residing in former Natal (compared to those residing in former homeland of Kwazulu). Not many of the difference estimates are statistically significant. The results imply that a large part of what is driving the difference between attritor and non-attritor households in 1993 is the difference in the educational attainment of the household head. Tables 5 and 6 present the weighted quantile regression estimates (on the pooled sample) at the 10 th , 25 th , 50 th , 75 th and 90 th quantiles. However in this case we also include a TIME (Year = 1998) dummy and also include as additional explanatory variables the interaction all of the explanatory variables with the TIME dummy to account for possible changes in slope (as opposed to only the intercept) over period 1993 -1998 . Remember that in this case the non-interacted coefficients (presented in Table 5 ) give the effects for t = 1993 and the interacted coefficients (presented in Table 6 ) give the difference between 1993 and 1998.
Quantile Regression Estimates of Standard of Living
The F-tests presented in Table 5 show that the TIME dummy and the interactions of the other explanatory variables with the TIME dummy are jointly statistically significant. This essentially implies that there are statistically significant differences between the 1993 and 1998 samples and that standard of living, measured by log per capita expenditure, changed significantly for households residing in Kwazulu-Natal during that period. 21 The only exception is that the coefficient estimate of HDEDUC1 is not statistically significant at the 90 th quantile.
We start by examining the non-interacted coefficient estimates ( Table 5 ). Remember that they correspond to the relationship between household characteristics and log per capita expenditure in 1993. When discussing the marginal effect of a conditioning variable on each quantile, we will also report if there is any statistically significant evidence that the particular variable affects different parts of the distribution differently. These are based on tests of equality of parameters across different quantiles.
Per capita household expenditure is lower for female-headed households relative to maleheaded households everywhere on the distribution. It also seems that, other things equal, the incidence of female-headedness increases inequality as it decreases the lower quantiles proportionally more than it decreases the upper quantiles. However, the disparities still continued to be fairly large. In addition, as a result of the official policies implemented by the apartheid era South African government, Black families were assigned to "homelands" based on their language, irrespective of where the household had previously resided. Following the 'Black Homeland Citizenship Act' of 1970, the South African government forced millions of Blacks to these "homelands" and every conceivable effort was made to restrict movement between the homelands and the Union of South Africa.
Further there were restrictions on job eligibility and in particular Blacks could not be employed as skilled workers. It is no surprise that in 1993, the returns to education for the 22 See for example Thomas (1996) and Case and Deaton (1999) .
Blacks on the right tail of distribution were quite low.
The presence of an additional child or an additional working age adult in the household generally reduces per capita household expenditure while the presence of an additional elderly member in the household does not have a statistically significant effect on per capita household expenditure. Moreover, the evidence is compatible with the hypothesis that these effects were the same everywhere on the distribution.
There is significant evidence that each of the two dummy variables BLACK and NATAL affect different quantiles differently. Not surprisingly in 1993 South Africa, the race of the household has a significant effect on the standard of living of the household. Black households are worse off compared to Indian households at every quantile and interestingly the difference continues to remain quite large at the upper end of the expenditure distribution -for example compared to Indian households, the per capita household expenditure is lower for Black households by 124% at the 10 th quantile and this difference falls to 76% at the 90 th quantile (remember this is keeping everything else, including education, constant). The NATAL dummy is always negative and statistically significant implying that the per capita household expenditure is always lower for households residing in former Natal, compared to those residing in the former homeland province of Kwazulu. And the difference is significantly larger at the low end of distribution relative to the upper tail. The result that households residing in the former homeland province of Kwazulu appear to be generally doing better than those residing in former Natal in 1993 is quite surprising at first. However once again it is worth emphasising that the sample includes only Black and Indian households. Given the laws that restricted residency and employment of the Non-Whites during the apartheid era, the sample of households residing in Natal in 1993 possibly includes migrants who are either unemployed or at the very best employed in low paying jobs. On the other hand households in Kwazulu were typically more prosperous compared to Blacks residing in other homelands both because of special government grants and transfers to Kwazulu and also the fact that the region was more productive and fertile compared to other homelands. The estimated coefficients of the only other variable, RURAL, shows that per capita household expenditure is significantly lower for households residing in rural regions (compared to households residing in urban and metropolitan regions), and this effect is statistically uniform on all quantiles.
The F-tests presented in Table 5 show that the TIME dummy and the interactions of the other explanatory variables with the TIME dummy are jointly statistically significant for all quantiles. This essentially implies that the relationship between the living standards and household characteristics has significantly changed between 1993 and 1998 for NonWhite households residing in Kwazulu-Natal. It is therefore worth examining the difference estimates, which are presented in Table 6 . In a sense these are the more interesting results since the primary aim of this paper is to examine how things have changed in South Africa following the dismantling of apartheid.
While not many of the difference estimates are statistically significant, those that are tell an interesting story. Basically the parameters that have significantly changed are the coefficients of the NATAL dummy in the median and lower quantiles, and the coefficients of education of the household head in all but the lowest quantile. The coefficient of the NATAL dummy has statistically significantly increased at the 10 th , 25 th and 50 th quantiles. Given that Table 5 shows that, all else constant, the (Non-White) residents of Natal were at a disadvantage relative to the residents of Kwazulu in 1993, these positive changes have improved the position of the residents of Natal so that there is no significant difference between the two in 1998 (the 1998 coefficients are the sum of corresponding coefficients in Tables 5 and   6 ). However, the rural-urban gap and the Black-Indian gap has remained unchanged. While the Kwazulu-Natal difference can be totally attributed to the movement restrictions imposed by the apartheid regime, the rural-urban gap and the Black-Indian gap were perhaps not a direct consequence of apartheid, and therefore have persisted. The most striking change is the significant increase in returns to secondary education in almost all parts of the distribution. Adding the corresponding parameters of Table 5 and Table 6 , we see that the premium for some high school education (HDEDUC2) has risen to more than 50% at all quantiles other than the 10 th quantile, and the premium to finishing high school (HDEDUC3) has risen to more than 100%. Recall that the 1993 results showed that high school education both increased living standards of all households and also decreased the inequality of living standards. The 1998 results, in contrast, shows that the equality enhancing property of high 24 school education of household head is no longer there. This supports the hypothesis that the significantly lower returns to education on the upper quantiles in 1993 was due to artificial barriers in the labour market on career opportunities for skilled Non-White workers. In fact, the hypothesis of the equality of the coefficients of each education attainment dummy at different quantiles can no longer be rejected in 1998. The abolition of restrictions on job eligibility seems to have equalised the return to education everywhere on the distribution.
Comparing the results of change in conditional distribution with those related to unconditional distribution of per capita expenditure reported in Table 1 Table 2 , and comparing the characteristics of the households in 1998 sample with the characteristics of the same households in 1993, we see that more of them have female heads in 1998 relative to 1993, and the household size has increased substantially, mostly caused by having more adults in the household. These characteristics all have negative effects on quantiles, and it can partly explain why the standard of living at the 10 th percentile has deteriorated. This partly reflects the changing composition of the household in South Africa.
There is some evidence that the extension of the social pension program to cover the Black elderly has resulted in significant negative incentive effects for the working age adults in the household. For example Bertrand, Mullainathan & Miller (2003) , using the SIHS 1993 data, find evidence increased unemployment of resident working age Black South Africans. They argue that this is a result of the extension of the coverage of the social pension program and sharing of this additional resource inflow within the household. We find similar effects here. However a more detailed examination of the causes of households losing their male heads and merging into bigger units between 1993 and 1998, though interesting, is beyond the scope of this paper.
In closing, we compare these results to those obtained from the standard (unweighted) quantile regressions on the pooled data set without controlling for attrition. The difference es-timates (the time interacted coefficient estimates) are presented in Table 7 . Although the overall picture from this Table is similar to that of Table 6 , the increase in returns to education are underestimated, and more significant changes in effects of household composition on quantiles are found. These discrepancies can be attributed to the unweighted estimator not taking into account the systematic difference between the non-attritor and attritor households. The upshot of all this is that when there is evidence to suggest that attrition is indeed non-random (a result that is consistent with earlier work using the same data), one has to take it into account in order to have confidence that the results are not tainted by attrition bias.
Conclusion
The main purpose of this paper is to examine whether the dismantling of apartheid has resulted in improvements in the standard of living of the vast majority of South Africans.
To analyse this issue, we use a panel data set from the Kwazulu-Natal province -the largest province in the country and home to nearly a fifth of the population of the country. The first wave of the data was collected in 1993, prior to the historic elections in 1994 (as a part of the South Africa Integrated Household Survey) and the second wave was collected in 1998
(as a part of the Kwazulu-Natal Income Dynamics Study). Despite the best efforts of the interview team to track down movers and re-interview them, the attrition rate in the panel remained at around 16%. Using binomial logit regressions we find that household income and size in 1993, several community characteristics and survey quality in 1993 significantly affect the probability of dropouts as does the quality of the original survey.
The distribution of living standards is studied using quantile regressions. The use of quantile regressions allows one to examine whether the relationship between a particular explanatory variable and household expenditure is affected by the position of the household on the distribution and therefore does not require the assumption that the relationship between a particular explanatory variable and the standard of living is constant across groups. However problems arise from the potential non-random sample attrition. Indeed we find that the characteristics of the attritor households are different from the non-attritor households at the two ends of the distribution. In analysing changes in living standards in South Africa over the period 1993 -1998, we therefore use a weighted quantile regression approach, which corrects for the potential bias arising from non-random sample attrition. The approach used requires that the process generating the missing data can be estimated but does not make any assumptions about the distribution of the responses other than those imposed by the quantile regression model. To derive the standard errors of quantile regression coefficients, we use two levels of bootstrapping in order to account for the uncertainty caused by the estimation of weights as well as the uncertainty in estimation of quantile parameters given the weights.
Our results show that there has been a significant increase in the spread of the distribution of household expenditure of the Non-White households residing in Kwazulu-Natal province.
We find that the stretch to the right of the upper tail of distribution can be attributed to significant increase in returns to primary and high school education, while movement to the left of the lower quantiles can be associated with the increase in the proportion of female headed households and household size. It seems that the availability of well paying jobs that were previously not available to Non-Whites has improved the standard of livings of Black and Indian households at the upper end of the distribution, which is a positive sign.
However, the increased incidence of female headedness and the crowding of households has dragged many households into poverty at the low end of the distribution, which is quite alarming. Evidence also suggests that the significant difference between the standards of living of Non-White residents of Natal and Kwazulu, that was caused by the restrictions on the movements of Blacks between the two regions during the apartheid regime, is no longer significant in 1998. Weighted estimates are computed using the inverse probability of being in the sample in 1998 as weights. Standard errors of the weighted estimators are calculated with the bootstrap in bootstrap procedure explained in the text so that they incorporate the uncertainty in the estimation of the weights as well. Unweighted estimates are reported only to see the effect of weights. We do not use the unweighted estimates for inferential purposes. Table 8 . The last four variables refer to the characteristics of the place of residence of households in 1993 and the quality of the first interview in 1993, and therefore they have no entry in the 1998 column. 
Notes:
Variables are defined in Table 8 . Robust Standard Errors in Parenthesis ***: Significant at 1%; **: Significant at 5%; *: Significant at 10% 
Variables are defined in Table 8 . Bootstrapped Standard Errors in Parenthesis Bootstrapped Standard Errors obtained with 100 replications ***: Significant at 1%; **: Significant at 5%; *: Significant at 10% 
